Highlights d The identity of old dermal fibroblasts becomes undefined and noisy d Old dermal fibroblasts acquire adipogenic traits d CR and HFD prevent and potentiate fibroblast aging, respectively d Loss of cell identity is a possible mechanism underlying aging SUMMARY During aging, stromal functions are thought to be impaired, but little is known whether this stems from changes of fibroblasts. Using population-and single-cell transcriptomics, as well as long-term lineage tracing, we studied whether murine dermal fibroblasts are altered during physiological aging under different dietary regimes that affect longevity. We show that the identity of old fibroblasts becomes undefined, with the fibroblast states present in young skin no longer clearly demarcated. In addition, old fibroblasts not only reduce the expression of genes involved in the formation of the extracellular matrix, but also gain adipogenic traits, paradoxically becoming more similar to neonatal pro-adipogenic fibroblasts. These alterations are sensitive to systemic metabolic changes: long-term caloric restriction reversibly prevents them, whereas a high-fat diet potentiates them. Our results therefore highlight loss of cell identity and the acquisition of adipogenic traits as a mechanism underlying cellular aging, which is influenced by systemic metabolism.
In Brief
Single-cell transcriptomics and long-term lineage tracing outline aging-induced molecular identity changes of skin fibroblasts that lead them to acquire an adipogenic profile sensitive to wholebody metabolic changes.
INTRODUCTION
Tissue function declines with age, impairing the ability of tissues to sustain daily homeostasis and repair damage. A major source of physiological tissue aging is the functional decay of adult stem cells through the cell-intrinsic accumulation of damage (such as DNA damage, loss of proteostasis, and oxidative damage). This is exemplified by their ineffectiveness at repopulating young tissues after transplantation, as well as their inability to grow in culture even in the presence of growth factors and nutrients (Ló pez-Otín et al., 2013; Price et al., 2014; Sun et al., 2014; Goodell and Rando, 2015) . Interestingly, much of this cellintrinsic damage is a consequence of the predominant function each specific type of stem cell performs during homeostasis; for instance, aged interfollicular epidermal stem cells predominantly accumulate DNA damage due to their continual proliferation, whereas muscle stem cells (which almost never divide) have problems in biomass recycling through autophagy as well as in sensing damage (García-Prat et al., 2016; Price et al., 2014; Sato et al., 2017; Solanas et al., 2017; Sousa-Victor et al., 2014) . Other examples of stem cell-intrinsic malfunctions are accumulation of DNA damage and myeloid bias in aged hematopoietic stem cells, and lipid and NAD metabolic alterations in aged hepatocytes (Florian et al., 2013; Signer and Morrison, 2013; Flach et al., 2014; Sun et al., 2014; Xie et al., 2014; Sato et al., 2017) .
In addition to the cell-intrinsic accumulation of stress in aged progenitors, other traits associated to aging occur in all tissues, such as increased inflammation and fibrosis, circadian rhythm reprogramming, and imbalances in oxidative phosphorylation and fatty acid metabolism. This suggests that these traits arise from local and systemic signals established during organismal aging (Doles et al., 2012; Florian et al., 2013; Keyes et al., 2013; Keyes and Fuchs, 2018; Loffredo et al., 2013; Matsumura et al., 2016; Neves et al., 2017; Oh, Lee, and Wagers, 2014; Sato et al., 2017; Solanas et al., 2017) . Regarding local signals, there is increasing evidence that stem cells continuously engage in a reciprocal communication with surrounding stromal cells (Driskell and Watt, 2015; Gao, Xu, Asada, and Frenette, 2018; Sennett and Rendl, 2012) . Examples can be found in the interaction of hematopoietic stem cells with their nearby vasculature, adrenergic nerves, and osteoblastic cells Asada et al., 2017; Casanova-Acebes et al., 2013; Gao et al., 2018;  Rendl et al., 2005; Rendl et al., 2008; Rivera-Gonzalez et al., 2016; Rognoni et al., 2016; Sennett et al., 2015; Telerman et al., 2017; Wojciechowicz et al., 2013; Yang et al., 2017; Zhang et al., 2016) . The progressive functional decay of stromal cells is believed to contribute significantly to the inability of tissues to sustain homeostasis and to properly respond to injury during aging. Nonetheless, whether and how stromal cells are altered during aging is unknown in most tissues (Kusumbe et al., 2016; Neves et al., 2017; Stearns-Reider et al., 2017) .
Stromal changes are particularly apparent in aged human and mouse dermis. These include decreased dermal thickness and ECM density, and reduced numbers of fibroblasts (Demaria et al., 2015; Harbor and King, 2014; Figures 1A, 1B, S5A, and S5B) . These dermal changes contribute to the cosmetic consequences of having reduced skin turgor and increased wrinkling and perhaps also contribute to the increased propensity of aged skin for infections, tumorigenesis, and inefficient wound healing (Driskell and Watt, 2015; Kaur et al., 2016) . In the three-dimensional tissue stroma scaffold, fibroblasts play a major role in maintaining the extracellular matrix (ECM) and in heterotypic signaling with epithelial cells during steady-state and injury response. However, a detailed characterization of the cellular and molecular traits of old dermal fibroblasts is lacking. Thus, whether dermal aging is related to a loss of fibroblasts, to acquired alterations in the remaining old fibroblasts, or to both is not known.
RESULTS
In order to study fibroblast aging, we purified dermal fibroblasts by fluorescence-activated cell sorting (FACS) of cells doublepositive for the PDGF receptor alpha (Pdgfra+) and CD34+ from the dermis of young (2 months) and old (18 months) female mice. We determined by immunohistochemistry that the vast majority of fibroblastic dermal cells, but not the a-smooth muscle actin+ arrector pili muscle, were positive for both CD34 and Pdgfra (Figures S1A and S1B). In addition, Pdgfra+/CD34+ fibroblasts comprised about 90%-95% of the cells within the dermis, as was evident once pre-adipocytes (CD24+), epithelial cells (EpCAM+), melanocytes (CD117+), hematopoietic cells (CD45+), and endothelial cells (CD31+) were gated out of the single-cell preparations ( Figures 1E and S2A ). Thus, our purified cells account for the majority of fibroblasts that are embedded in murine dermis. After FACS purification, we compared old and young dermal fibroblasts by whole-transcriptome analysis ( Figures 1E and 1F ). The old mice had clear histological signs of dermal alterations, such as overall decreased thickness and density of the dermis but with a significantly increased thickness of the adipocyte-containing lower dermal layer ( Figures 1A-1D ). Interestingly, most of these changes were already visible in middle-aged mice (9-month-old; Figures 1A-1D ).
Principal component analysis (PCA) of the transcriptome data indicated that young and old fibroblasts primarily clustered by age and that old fibroblasts expressed approximately 1,000 transcripts that differed from their young counterparts with a fold change of > 1.5 (FDR < 0.05) ( Figure 1F , Table S1 ). Gene ontology (GO) and gene set enrichment analysis (GSEA) of the data indicated that old fibroblasts had a strong reduction in the expression of the main extracellular matrix genes, including collagens and glycosaminogycans, and of genes involved in their secretion (i.e., Golgi, endoplasmic reticulum, and vesicle-mediated transport) ( Figure 1G , Table S1 ). Concomitantly, old fibroblasts showed upregulation of genes involved in inflammation, innate immunity, the formation of stress fibers, and differentially expressed genes related to the establishment of cell contacts ( Figures 1G, Table S1 ). Interestingly, they also had upregulation of a significant number of genes related to adipogenesis, lipid metabolism, and fat cell differentiation ( Figure 1G , Table S1 ). These genes related to signaling downstream of master regulators of adipogenesis, such as PPARg, VLDLR, and LDLR (Figure 2A;  Table S1 ). Importantly, the genes defining each GO category clustered young and old samples in an unsupervised manner, strongly supporting their fundamental role in determining the traits associated with dermal fibroblast aging (Figures 1H, and S3) .
We confirmed the differential expression of some selected genes by RT-qPCR and by immunohistochemistry in samples obtained from independent biological replicates (Figures S2B and S4) . Furthermore, we obtained very similar results when performing transcriptome analysis of old and young fibroblasts isolated from male mice (Figures S5A-S5E, Table S2 ).
Our comparative transcriptome results indicated that old fibroblasts lose one of their main defining characteristics-that of the production and secretion of extracellular matrix (ECM) (B) , subdermal thickness (C), and subcutaneous thickness (D) at different ages using H&E-stained murine skin sections. Data are represented as mean ± SD. (E) Experimental set-up for the isolation of dermal fibroblasts. After tissue digestion, FACS was used to select cells that were negative for the lineage markers CD31 (endothelial marker), CD45 (immune cell marker), CD24 (pre-adipocyte marker), EpCAM (epithelial marker), and CD117 (melanocyte marker), and positive for the fibroblast markers Pdgfra and CD34. (F) Principal component analysis (PCA) of 9 young and 9 old dermal fibroblast samples, according to their transcriptome. Samples were combined from two independent experiments (see STAR Methods section Quantification and Statistical Analysis: Microarrays). (G) Gene set enrichment analysis (GSEA) and gene ontology (GO) analysis of genes differentially expressed between young and old dermal fibroblasts. Categories derived from GO analysis using David 6.8 are marked with ''(GO),'' categories derived from GSEA are marked with ''(GSEA).'' For the GSEA categories the FDR is indicated; for the GO categories, the p value is indicated. (H) Unsupervised clustering of young and old fibroblast samples based on gene ontology signatures. The intensity of the colors represents the expression intensity from blue (low expression) to red (high expression). See also Figure S3 . components-with a concomitant upregulated expression of genes involved in inflammation as well as, intriguingly, in lipid metabolism and adipogenesis. Interestingly, decreased production of ECM components and increased lipid metabolism and inflammation are features that naturally distinguish the adipogenic mesenchymal fate from the fibroblast state. Thus, our results led us to hypothesize that dermal fibroblast aging is perhaps associated with the acquisition of pro-adipogenic traits at the expense of fibroblast characteristics. To test this hypothesis, however, we first needed to take several considerations into account. Previous work has shown that the dermis of newborn mice contains four types of fibroblasts located at specific dermal sites: CD26+ papillary fibroblasts that are in close proximity with basal epidermal progenitors in the upper dermis; Dlk1+ reticular fibroblasts that extend throughout the ECMdense lower region of the dermis; and two additional pro-adipogenic types of fibroblasts, identified as Sca1+/Dlk1-and Sca1+/ Dlk1+, which are located in the lower reticular dermis (Driskell et al., 2013) . However, as mice reach adulthood, the differential cell surface features that allow these four types of newborn dermal fibroblasts to be distinguished and isolated are lost, which thus prevents analysis of whether the adult dermis still contains these lineages (Driskell et al., 2013; Rinkevich et al., 2015) . In addition, already at one month after birth, more than 80% of adult dermal fibroblasts are CD26+ and no longer show any apparent regional distribution, occupying the entire papillary (upper) and reticular (lower) dermal areas (Rinkevich et al., 2015) . Hence, it is not clear whether this population of CD26+ adult dermal fibroblasts is homogeneous or still contains papillary, reticular, and pro-adipogenic fibroblasts. Since our comparative transcriptome analysis was based on isolating the majority of fibroblasts spanning the entire upper and lower dermal areas of adult mice (Driskell et al., 2013, Figure S1A ), we could not rule out that the over-representation of pro-adipogenic transcripts in old fibroblasts is the consequence of a persistence or expansion of putative pro-adipogenic fibroblasts at the expense of upper papillary fibroblasts or because adult dermal fibroblasts in general (irrespective of location or lineage) acquire pro-adipogenic characteristics. We took several experimental approaches to discriminate between these possibilities. First, we tested whether old fibroblasts are more predisposed to differentiate into adipocytes (or adipocyte-like cells) in culture. For this, we first isolated dermal fibroblasts from four young (2-month-old) and four old (18-month-old) mice and placed them in culture using standard fibroblast culture conditions. However, after only one passage, fibroblasts in culture showed strong alterations in the expression of many genes involved in cell cycle, metabolism, ECM production, and immunity, irrespective of their age ( Figure S5G ; Table S3 ). Strikingly, young and old fibroblasts became indistinguishable from each other (i.e., they clustered together), and the differential expression of most genes that we identified in our transcriptome analysis to be associated with aging in vivo were lost ( Figure S5F ; Table S3 ). Moreover, the difference in clonogenic potential of young and old fibroblasts observed immediately after placing them in culture was equalized by one passage ( Figure S5H ). Thus, dermal fibroblasts dramatically alter their transcriptome in culture and do not retain their corresponding in vivo age, making it difficult to reach any conclusion about their propensity to differentiate along the adipogenic lineage using in vitro experiments and raising caution about using 2D cell culture systems to study aging.
We therefore undertook several in vivo approaches to better distinguish between the possibilities described above. First, our comparative gene expression analysis indicated that signaling downstream of the master regulator of adipogenesis, PPARg, is enhanced in old fibroblasts . Accordingly, we observed that the majority of old fibroblasts express higher levels of PPARg than young fibroblasts, as determined by immunohistochemistry of skin sections from young and old mice ( Figures 2E-2G ). Importantly, old fibroblasts become PPARg+ irrespective of their location within the dermis and, thus, span the entire papillary and reticular regions. On the other hand, in young skin, nuclear expression of PPARg is seen in sebocytes and subcutaneous adipocytes, as expected, but is barely detected in dermal fibroblasts (Figure 2E) . We verified that the majority of PPARg+ dermal cells correspond to Pdfgra+ and CD34+ fibroblasts, but not hematopoietic (CD45) or smooth muscle cells (a-Sma+) (Figures S1A-S1C). Thus, these results further suggest that old fibroblasts acquire adipogenic features irrespective of their location within the dermis. (Driskell et al., 2013) . Lineage-negative (CD45-, CD31-, EpCAM-, CD117-) and Pdgfra+/ CD34+ fibroblasts were further subdivided based on their expression of CD26, Dlk1, and Sca1: papillary fibroblasts were CD26+ and Sca1-; reticular fibroblasts CD26-, Dlk1+, and Sca1-; and pro-adipogenic fibroblasts either Sca1+/Dlk1+ or Sca1+/Dlk1-. (B) PCA of CD26+ papillary, Dlk1+ reticular, Sca1+/Dlk1+ pro-adipogenic, or Sca1+/Dlk1-pro-adipogenic fibroblast samples according to their transcriptome. All four fibroblast populations were isolated from three newborn female littermates. (C-E) GSEA and GO analysis of genes differentially expressed in newborn fibroblast subpopulations. Comparisons were made between CD26+ papillary fibroblasts and the other three lower fibroblast populations (C), Sca1+ pro-adipogenic and Dlk1+ reticular fibroblasts (D), and Sca1+/Dlk1+ pro-adipogenic and Dlk1+ reticular fibroblasts (E). (F) Unsupervised clustering of newborn fibroblast samples based on gene ontology signatures. The intensity of the colors represents the expression intensity from blue (low expression) to red (high expression). (G) Genes specific for a particular fibroblast subpopulation were selected using the GaGa algorithm (see STAR Methods and Figure S6B ). The heatmap shows genes specific for CD26+ papillary fibroblasts. (H and I) The gene expression profile of old dermal fibroblasts negatively associates with the signature of CD26+ papillary fibroblasts (H) and positively associates with the signature of Sca1+ pro-adipogenic fibroblasts (I). Expression values of genes specific for a fibroblast subpopulation were summarized (signature Z score) and compared across old and young samples. Each dot represents one old or young sample. Error bars represent 95% confidence interval. See also Figure S6 . We next hypothesized that old fibroblasts that have acquired adipogenic traits might share lineage similarities to the pro-adipogenic fibroblasts that were previously identified in the dermis of newborn mice (Driskell et al., 2013) . We first determined the transcriptomes of CD26+ upper papillary fibroblasts, Dlk1+ reticular fibroblasts, and Sca1+/ Dlk1+ and Sca1+/ Dlk1-proadipogenic fibroblasts, which were isolated from the dermis of 2-day-old newborn mice ( Figures 3A and 3B ; Table S4 ). We then performed the GaGa analysis, which ascribes a transcriptome signature to each population by only including transcripts that are uniquely up-or downregulated in each population with respect to the three others ( Figures 3G and S6B ; Table S4 ). This approach indicated that newborn reticular and pro-adipogenic fibroblasts are more similar to each other than to papillary fibroblasts ( Figure 3G ). An unbiased PCA analysis of the data reached the same conclusion ( Figure 3B ). Gene ontology analysis unveiled interesting putative biological differences among the different types of newborn fibroblasts (Figures 3C-3F and S6A; Table S4 ). For instance, one distinguishing transcriptome feature of papillary fibroblasts is related to the formation of cell junctions as well as to cell division and Wnt signaling; this suggests that these upper dermal fibroblasts are likely prone to establishing cell contacts and engaging in signal transduction with neighboring cells ( Figure 3C ; Table S4 ). On the other hand, the three types of lower dermal fibroblasts (i.e., reticular and the two pro-adipogenic ones) expressed more transcripts related to the extracellular matrix, suggesting that one of their main functions is to establish the dense network of ECM proteins that is characteristic of the reticular dermis ( Figure 3C ; Table S4 ). Interestingly, lower dermal fibroblasts also expressed more genes involved in innate immunity than did papillary fibroblasts (Figure 3C;  Table S4 ).
To dissect which type of lower dermal fibroblast predominantly contributed to each of these distinguishing features, we next compared their transcriptomes among each other and independently of the papillary signature. This analysis revealed that Dlk1+ reticular cells predominantly expressed ECM genes, whereas the transcriptomes of both types of pro-adipogenic fibroblasts had an overrepresentation of genes involved in fatty acid oxidation, glutathione metabolism, and oxidative phosphorylation ( Figures 3D and 3E) . Importantly, the genes defining each of these GO categories clustered each type of fibroblast in an unsupervised manner, indicating that they describe important features defining their cellular state ( Figures 3F and S6A ). Comparing the transcriptome data of young and old fibroblasts described in Figure 1 to these four signatures of newborn fibroblast revealed that old fibroblasts share less features with the newborn papillary signature than young ( Figures 3H and S6C ). Hence, old fibroblasts are overall more similar to newborn lower dermal fibroblasts (Figures 3H and S6C) . Importantly, however, this similarity stemmed primarily from their significant relationship to Sca1+/ Dlk1-pro-adipogenic fibroblasts ( Figure 3I) .
Altogether, the comparative transcriptomic results between newborn and old fibroblasts ( Figure 3 ) and the localization of PPARg+ fibroblasts throughout the old dermis ( Figure 2 ) strongly support our hypothesis that old fibroblasts acquire pro-adipogenic traits. These results, however, do not preclude the possibility that the over-representation of pro-adipogenic traits in old fibroblasts is a consequence of losing the upper dermal papillary lineage as the skin ages. To verify this, we undertook two additional approaches: in vivo lineage-tracing and singlecell RNA sequencing (RNA-seq) studies. First, we followed the fate of the progeny of papillary fibroblasts from newborn to old mice by crossing Lrig1-CreERT2 mice with ROSA26-STOPflox-dTomato mice (Page et al., 2013) . Previous work has shown that Lrig1 is expressed exclusively by papillary fibroblasts in newborn dermis (Driskell et al., 2013) . We therefore topically treated 3-to 4-day-old mice with 4-hydroxytamoxifen to permanently tag newborn papillary fibroblasts with the fluorescent protein dTomato (Figures 4A and 4B) . We confirmed that the progeny of these papillary fibroblasts remained mainly in the upper dermal region in P5 mice ( Figure 4B ). By 2 months of age, however, dTomato+ cells were not only located in the upper dermis but were now also visible in the lower reticular region and, interestingly, even within some mature adipocytes below the dermis ( Figure 4C ). Importantly, in old mice, the progeny of dTomato+ papillary fibroblasts (tagged at the newborn stage) was distributed in the same manner as in young dermis throughout the upper and lower dermal regions ( Figure 4D ). We did not observe any spontaneous CreERT2-mediated recombination in dermal fibroblasts during the entire experiment ( Figures 4E and 4F ). These results therefore indicate that the progeny of the upper papillary fibroblasts present in newborn dermis contributes to all dermal layers, even including mature adipocytes, in adulthood. In addition, these observations make it highly unlikely that cell loss in the upper dermal region during aging accounts for the over-representation of adipogenic traits identified in our comparative analysis of the transcriptome of old fibroblasts.
To further characterize the molecular and cellular changes that occur in dermal fibroblasts during aging in an unbiased manner, we performed single-cell RNA-seq of Pdgfra+/ CD34+/Lin-fibroblasts isolated from the dermis of newborn (P1.5-2.5), young (2-month-old), and old (18-month-old) mice. RNA was sequenced using the Smart-seq2 protocol from fibroblasts isolated from newborn (P1.5-2.5), young (2-month-old) and old (18-month-old) mice from two independent biological replicates termed Replicate 1 (left) and Replicate 2 (right). Each cell is represented as a dot, assigned to a cluster by a clustering algorithm, and plotted on the t-SNE graph. (B) PCA of newborn, young, and old cells from replicate 1 (left) and replicate 2 (right). (C and D) Newborn cluster 2 (NB2) from replicate 1 (left) and replicate 2 (right) is more similar to reticular fibroblasts described by Driskell et al. (2013) . (C) The reticular fibroblast marker Dlk1 is highly expressed in the majority of NB2 cells. Red circle indicates cluster NB2. (D) Boxplot showing that the CD26+ papillary signature is underrepresented in cluster NB2 as compared to NB1a and NB1b (replicate 1) and NB1 (replicate 2). Each dot represents the average expression of all genes forming the CD26+ papillary signature of one cell. (E) GO analysis of marker genes identified for the two young clusters in replicate 1 and/or 2. (legend continued on next page) approximately 300 single cells per age and from two independent biological replicates termed replicate 1 and replicate 2 (Table S5 ). Of note, the newborn mouse used in replicate 1 was 12-18 hr older than the one used in replicate 2. An independent analysis of the two biological replicates revealed that the results of both experiments strongly overlapped . Several interesting conclusions about the lineage relationships between fibroblasts at different ages were drawn from this analysis. First, PCA and tSNE analyses revealed that fibroblasts cluster primarily according to age (Figures 5A and 5B ) and suggest that newborn fibroblasts undergo significant molecular changes as mice transition into adulthood. Second, we identified two main types of newborn fibroblasts, termed NB1 and NB2 ( Figures 5A and 5B ). In replicate 1, cluster NB1 could be further subdivided into NB1a and NB1b, both of which clustered with NB1 from replicate 2 ( Figure S7C ). Of note, NB1a separated from NB1b fibroblasts due to their higher expression of proliferation genes (Table S5 sheet 2), suggesting that proliferative and quiescent fibroblasts coexist in newborn skin. Comparing the transcriptome signatures of these newborn clusters with those obtained from the GaGa analysis of bulk-sorted newborn fibroblasts (see Figure 3 ) revealed that NB2 fibroblasts show decreased expression of papillary lineage marker than NB1 fibroblasts ( Figure 5D )-in other words, NB2 cells are more similar to CD26À lower dermal fibroblasts, while NB1 cells are more similar to upper CD26+ fibroblasts. Moreover, NB2 fibroblasts were enriched in cells expressing the lower dermal fibroblast marker Dlk1 ( Figure 5C ). Considering that our single-cell RNAseq data covered in average less than 50% of the transcriptome per cell, our data did not offer enough resolution to identify the two populations of pro-adipogenic fibroblasts within the cluster of reticular NB2 fibroblasts.
Two clear populations of fibroblasts were also identified in the young adult dermis, termed young1 and young2 (Figures 5A and 5B) . These differed mainly in the expression of genes related to the ECM (predominant in young2) and in processes of oxidation-reduction and innate immunity (predominant in young1) ( Figure 5E ). Interestingly, although the clustering analysis (represented on tSNE) also identified two types of fibroblasts in old dermis (termed old1 and old2), a PCA analysis on young and old cells indicated that the first and strongest principal component better separates young cluster than old cluster ( Figures 6A and 6B ). In other words, the transcriptome features that define young clusters become blurry with age ( Figures 6A and 6B ). Additionally, while the average genebased distance between the two clusters is similar ( Figure 6C ), the coefficient of variation of these gene-based distances is higher in old, indicating that genes characterizing the young clusters are expressed more consistently throughout their cluster than those genes characterizing the old clusters ( Figure 6D ). This phenotype is exemplified by Col1a2, which in old is expressed less robustly (or more variably) among cells of the same cluster than in young ( Figure 6E ). Hence, in addition to losing cluster-determining features present in young, the gene expression of old dermal fibroblasts is noisy and very variable among cells from the same cluster. A trajectory analysis of the data based on the genes with the highest significant changes in expression between all ages positioned young fibroblasts at two clearly separate endpoints, whereas old fibroblasts were scattered along the branches with a less welldefined separation ( Figure 6F ). Strikingly, the trajectory analysis further indicated that old fibroblasts are paradoxically closer to newborn fibroblasts ( Figure 6F ). Importantly, a comparison of the transcriptomes of old and young fibroblasts obtained by single-cell RNA-seq with the signature of Sca1+/ Dlk1-pro-adipogenic fibroblasts obtained by bulk cell transcriptomics (see Figure 3 ) indicated that old fibroblasts were more similar to pro-adipogenic newborn fibroblasts than young fibroblasts irrespective of cluster ( Figure 6G ). This further confirms our hypothesis that the acquisition of adipogenic traits is a general mechanism underlying dermal fibroblast aging which affects the vast majority of old dermal cells. In sum, results from both single-cell RNA-seq and gene expression data of bulk cell populations indicated that, as the dermis ages, its resident fibroblasts have a less well-defined identity (i.e., they become noisy), and acquire adipogenic characteristics reminiscent of newborn pro-adipogenic fibroblasts.
Aging is susceptible to systemic changes in metabolism. For instance, long-term caloric restriction (CR) extends the lifespan of many organisms, including rodents (Froy and Miskin, 2010) . On the other hand, a prolonged consumption of a high-fat diet (HFD) accelerates the onset and progression of many agerelated pathologies, thereby shortening lifespan (Ló pez- Otín et al., 2013) . Although the complex interplay of mechanisms underlying the impact of diet on tissue function is still under intense investigation, there is strong evidence indicating that CR prevents the decay of stem cell functions associated to aging, whereas HFD accelerates it (Cerletti et al., 2012; Mihaylova et al., 2014; Sato et al., 2017; Solanas et al., 2017) . However, whether and how dietary interventions affect the stroma of tissues during aging is mostly unknown. To study this, we performed two independent experiments aimed at determining whether either CR or HFD affects dermal fibroblast aging by analyzing gene expression from Pdgfra+/CD34+/Lin-fibroblasts isolated from dermis of the distinct mice groups. Specifically, the CR experiment used: (i) young mice (2-month-old) fed a normal diet (young ND); (ii) old mice (18-month-old) fed a normal diet (old ND); (iii) old mice fed a 30% CR diet for seven months, given in three separate feedings (every 3 hr) during the night to ensure that they ate throughout their most active phase (old CR); and (iv) (D) Coefficient of variation calculated as the standard deviation of the distances of each gene between cells of opposite clusters divided by the average of these distances for replicate 1 (left) and replicate 2 (right). Each dot represents a HVG. Marker genes with a p value < 0.005 are highlighted in blue. Overall, the variability of gene distances is higher in old than in young. (E) Col1a2 expression in young and old cells. Col1a2 is expressed more robustly between young clusters than old clusters. (F) Trajectory analysis of newborn, young, and old cells based on highly variable genes between ages. Dashed lines indicate young and old clusters. (G) Boxplot showing that the Sca1+ pro-adipogenic signature is overrepresented in both old clusters as compared to both young clusters in replicate 1 and replicate 2. Each dot represents the average expression of all genes forming the Sca1+ pro-adipogenic signature of one cell. (A) Experimental set-up of the caloric restriction experiment. Middle-aged (9-month-old) mice were subjected to diets consisting of two months of normal diet (ND) followed by seven months of caloric restriction (old CR), seven months of CR followed by 2 months of ND (old CR-ND) or 9 months of ND (old ND); mice were sacrificed at 18 months of age. As a control, 1-month-old mice were fed ND for 1 month and then sacrificed (young ND). Pdgfra+/CD34+ fibroblasts were isolated by FACS and analyzed by whole-genome expression profiling. old mice fed a CR diet for 7 months followed by a normal diet for 2 additional months (old CR-ND) to determine whether the effects of CR, if any, were reversible ( Figure 7A ; Table S6 ). The HFD experiment used young mice (2-month-old) fed either a normal diet or HFD for 6 months ( Figure 7G ; Table S7 ). PCA analysis of the CR gene expression data revealed that young and old fibroblasts still primarily separated by age, irrespective of diet ( Figure 7B ). However, diet exerted a significant change on the transcriptome of old fibroblasts, as shown by the distancing in clustering of fibroblasts isolated from CR mice as compared to ND mice ( Figure 7B ). Interestingly, old fibroblasts purified from CR-ND mice clustered between those from caloric restricted and normal diet fed old mice, indicating that some of the effects of caloric restriction are maintained even after two months of re-feeding with a normal diet (Figure 7B) . Importantly, comparing the transcriptomes of all conditions indicated that old CR and old CR-ND fibroblasts negatively correlated with age ( Figures 7C and 7D) . In contrast, the signature of adult fibroblasts isolated from HFD mice positively correlated with that of old fibroblasts ( Figure 7I ). Thus, our results show that dermal fibroblast aging can be significantly delayed by CR or, alternatively, enhanced by HFD. As our previous analyses indicate that dermal fibroblast aging was associated with the acquisition of pro-adipogenic traits, among other changes, we next determined whether CR affects this aspect of the dermal aging process. Strikingly, CR significantly prevented old fibroblasts from losing papillary traits and acquiring adipogenic characteristics ( Figures 7E and 7F ). However, dermal fibroblasts from mice re-fed a normal diet after caloric restriction (CR-ND mice) started to lose papillary features while re-gaining pro-adipogenic characteristics ( Figures 7E and 7F) . This suggests the interesting hypothesis that some aspects of the rejuvenating potential of caloric restriction are stable, while others require a constant CR diet.
In conclusion, our results indicate that the lineage heterogeneity of adult dermal fibroblasts is progressively blurred during aging. Of note, our transcriptome results show that old fibroblasts differentially express genes involved in promoting cytoskeletal extensions and cell contacts and downregulate repulsion signals between cells (such as semaphorins). This suggests the intriguing hypothesis that an additional hallmark of dermal fibroblast aging might involve their preference for replenishing the empty dermal space created by any surrounding dying fibroblast by contacting distant fibroblasts through membrane protrusions, rather than by increasing cell proliferation. The dynamics of cell proliferation and cytoskeletal changes of dermal fibroblasts in response to the injury of nearby fibroblasts and during aging, shown in the accompanying article (Marsh et al., 2018 , this issue of Cell), strongly support this hypothesis. In the future, it will be interesting to study the breaks in signaling that prevent dermal fibroblasts from responding to small-scale neighboring cell death by proliferation in homeostasis, and how and why these are surmounted during woundhealing and tumorigenesis.
Besides the acquisition of identity noise, we show that old fibroblasts lose production and secretion of ECM components yet concomitantly upregulate the expression of genes involved in inflammation, lipid metabolism, and adipogenesis. Moreover, we found LRP signaling to be the most elevated pathway in old dermal fibroblasts, which supports previous findings implicating augmented Wnt signaling in aging (Liu et al., 2007) . The acquisition of these traits makes old fibroblasts paradoxically more similar to pro-adipogenic fibroblasts present in newborn dermis. Critically, this transition can be partiallyalbeit significantly-prevented by caloric restriction. Our results therefore indicate that loss of cell identity is a previously overlooked mechanism underlying cellular aging and offer therapeutic possibilities to delay skin aging through dietary and metabolic interventions.
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EXPERIMENTAL MODELS AND SUBJECT DETAILS
Lrig1-EGFP-IRES-CreERT2 (Page et al., 2013) , Rosa26-CAG-STOPflox-tdTomato (JAX 007905), and wild-type C57BL/6 mice were bred and aged at the animal facilities of the Barcelona Science Park and fed standard rodent chow (RM1 (P) 801151 for maintenance, RM3 (P) 801700 for breedings) unless otherwise indicated. For some experiments indicated below, C57BL/6J mice were purchased from Charles River. The Catalan Government approved the work protocols, in accordance with applicable legislation. All experiments were performed with female mice, unless otherwise indicated.
Mice

Aging study
To perform the aging study, four two-month-old mice (young) and four 18-month-old mice (old) aged in the Barcelona Science Park were used. For sample collection, one old and one young mouse were sacrificed per day at 10 am. For bioinformatic analysis of the transcriptome of old versus young dermal fibroblasts the expression data of the samples from this experiment was combined with that of the ''Normal Diet'' samples from the Caloric Restriction study (see ''quantification and statistical analysis'').
Caloric restriction study
To perform the caloric restriction study, female retired breeders from the C57BL/6J strain were purchased from Charles Rivers at the age of 6 to 7 months. At the age of 9 months, mice were then either fed a normal diet ad libitum for 9 months (ND group), a normal diet for 2 months followed by 30% caloric restriction for 7 months (CR group), or a 30% caloric restriction for 7 months followed by a normal diet for 2 months (CR-ND group). The normal diet (Harlan TD.120686) contained 18.8% protein, 7.3% fatty acids, 55.1% carbohydrates and 3.6 kcal/g. The caloric restriction diet (Harlan TD.120685) contained 32.9% protein, 12.7% fatty acids, 31.9% carbohydrates and 3.7 kcal/g. During the CR periods, mice were fed with an automatic feeder (Fishmate F14) that provided food in 3 portions during the most active phase of the mice (at 8 pm [time of lights-off], 11 pm, and 2 am). Prior to subjecting mice to 30% CR, and prior to re-feeding them ad libitum with ND, mice had a 3-week adaptation period during which food was reduced or increased, respectively, by 10% each week. Mice were weighed weekly. Young mice (4-week-old) were purchased from Charles Rivers and fed ND ad libitum for 4 weeks. For sample collection, 3 mice from different groups were sacrificed each day at 9 am. Each group contained five mice. High-fat diet study For the high-fat diet study, 2-month-old female C57BL/6J mice were purchased from Charles River and fed ad libitum either a high-fat diet (Harlan TD. 06414) or a control diet (standard chow, RM1 (P) 801151) for 6 months. The high-fat diet contained 23.5% protein, 34.3% fatty acids, 27.3% carbohydrates and 5.1 kcal/g. Mice were weighed every two weeks. For sample collection, all mice were sacrificed the same day at 8 am. Each group contained four mice. Newborn fibroblast subpopulation study For the transcriptome analysis of papillary, reticular, and pro-adipogenic fibroblasts isolated from newborn mice, three female littermates at the age of P1.5-2.5 were used. Fibroblast aging in vivo compared to culture For the aging study comparing in vivo with cultured fibroblasts four two-month-old and four 18-month-old female mice bred and aged at the at the animal facilities of the Barcelona Science Park were used. Aging study in males For the aging study in males four two-month-old and four 18-month-old male C57/Bl6 mice bred and aged at the animal facilities of the Barcelona Science Park were used. Single-cell RNA-sequencing Single-cell RNA-seq of dermal fibroblasts was performed using female mice at P1.5-2.5 (newborn), two months (young) and 18 months (old). For each biological replicate, one newborn, one young and one old mouse were processed in parallel. Importantly, the newborn mouse used in Replicate 1 was 12-18 hr older than that used in Replicate 2. The mice were bred and aged at the animal facilities of the Barcelona Science Park.
Lineage tracing
To perform lineage tracing of papillary fibroblasts we crossed Lrig1-EGFP-IRES-CreERT2 mice with Rosa26-CAG-STOPflox-tdTomato mice. Heterozygous Lrig1-EGFP-IRES-CreERT2/ Rosa26-CAG-STOPflox-tdTomato mice were treated at P3-P4 with 1.5mg 4-hydroxytamoxifen (Sigma, H6278) dissolved in 100ul Acetone. To dissolve 4-hydroxytamoxifen in Acetone, the solution was heated to 40-50 C and vortexed. To avoid degradation, the 4-hydroxytamoxifen solution was always prepared right before treatment.
METHOD DETAILS
FACS sorting
Mice were sacrificed between 8 am and 10 am. Skin was shaved and then dissected, anagen patches were removed, and the subdermis was scraped off with a scalpel. The tissue was then chopped with a McILWAIN tissue chopper until skin pieces were smaller than 0.5 mm in diameter. Skin pieces were then digested in 20 mL DMEM-Ca (Cat#21068028) containing 10% FBS (GIBCO, Cat#10270) and 2.5 mg/ml collagenase 1 (Sigma, C0130) at 37 C for 1 hr (females) or 2 hr (males) on the shaker, after which 5 mg/ml DNase 1 (Sigma, AMPD1) was added, and the solution was incubated for 15 min at 37 C without shaking. Liberated cells were then sequentially filtered through a 100mm filter and 40mm filter (SPL life sciences). Centrifugation steps were carried out at 300 g for 10 min at 4 C. Cells were then stained with antibodies (as stated below) in approx. 500ml staining buffer per skin. Staining buffer contained EMEM (Lonza) and 15% chelated FBS (Bio-rad, Cat#142-2842). To isolate fibroblasts for the experiments of aging, caloric restriction, HFD, in vivo versus culture and aging in males, cells were stained with the following antibodies: CD45-biotin (1:200), CD117-biotin (1:100), EpCam-biotin (1:200), CD24-biotin (1:100), SA-APC (1:500), CD31-PerCP/Cy5.5 (1:200), CD34-FITC (1:50), and Pdgfra-PE (1:200). To isolate fibroblasts for single-cell RNA-sequencing, the same FACS staining protocol was used but without using CD24 antibody for lineage selection, to avoid negative selection of fibroblasts with pro-adipogenic characteristics (Berry and Rodeheffer, 2013) . To isolate the different fibroblast subpopulations from newborn skin, cells were stained with CD45biotin (1:200), CD117-biotin (1:100), EpCam-biotin (1:200), CD31-biotin (1:200), SA-APC-Cy7 (1:400), CD34-FITC (1:50), Pdgfra-APC (1:100), Dlk1-PE (1:1.5 in chelated FBS), CD26-PerCp-Cy5.5 (1:50), and Sca1-BV605 (1:300). To assess viability, cells were stained with 0.5mg/ml DAPI (Sigma, D9542) in PBS with 2% chelated FBS immediately prior to sorting. Fibroblasts were sorted using a FACS ARIA Fusion instrument.
Fibroblast culture
For the transcriptome study comparing in vivo with cultured fibroblasts, 5000 Lin-Pdgfra+ CD34+ fibroblasts from four old (18month-old) and four young (2-month-old) female mice were directly sorted into lysis buffer (20 mM DTT, 10 mM Tris-HCl pH 7.4, 0.5% SDS, 0.5 mg/ml proteinase K) and another 5000 cells were FACS-sorted on one Collagen 1 (Corning, Cat# 354236)-coated 4cm 2 -well containing Fibroblast medium (DMEM, 10% FBS, 1x Glutamax, 1x Pyruvate, 1x Pen/Strep, 1x Amphotericin B (GIBCO)). Cells were grown under physiological oxygen conditions (37C, 3% O2, 10% CO2) and the medium was changed every second day. After 10 days of culture, cells were detached from the surface using 0.25% Trypsin/EDTA (GIBCO) and 10.000 cells were reseeded on a 4cm 2 -well. After 3 more days of culture, when cells reached 70%-80% confluency, cells were detached from the surface using trypsin, washed with PBS 2% chelated FBS, stained with Dapi (0.5mg/ml), 5.000 Dapi-cells were FACS sorted into lysis buffer and processed together with the in vivo samples for microarray analysis as described below. For the clonogenic assay 1000, 3000 and 8000 fibroblasts isolated from young and old mice were directly sorted onto one 4cm2 -well. To assess clonogenic potential of cells after one passage, 1000, 2000 and 3000 fibroblasts were directly sorted onto 4cm2 -well. Cells were grown until separate clones started to merge, fixed in 10% NBF for 30 min and stained with 0.01% crystal violet (Sigma) / 1% NBF in PBS over night. Stained cell clones were then washed with ddH2O and dried.
Microarrays
To perform the aging study, RNA was isolated using TRIzol (ThermoFisher Scientific, A33250) followed by purification via the Quiagen RNeasy Mini columns (Cat#74106). 100ml Chlorophorm were added to 500ml TRIzol, incubated for 5 min at RT and centrifuged for 15min at max. speed. The aqueous phase was mixed with 3.5V RLT buffer (provided by RNeasy kit) and 2.5V 100% EtOH and added to the RNeasy columns. The subsequent steps were performed according to the manufacturer 0 s protocol. cDNA library preparation and amplification were performed from 25 ng total RNA using WTA2 (Sigma-Aldrich), with 18 cycles of amplification. For the other experiments, cells were directly sorted into lysis buffer (20 mM DTT, 10 mM Tris-HCl pH 7.4, 0.5% SDS, 0.5 mg/ml proteinase K) and digested for 15 min at 65 C. RNA was isolated using magnetic beads (RNACleanXP, Cat#A63987). cDNA Library preparation and amplification were performed using the WTA2 kit (Sigma). For the transcriptome analysis of fibroblast subpopulations from newborn, 4.500 cells were sorted and cDNA was amplified for 21 cycles. For the caloric restriction and high-fat diet study, 10.000 cells were sorted and cDNA was amplified for 20 cycles. And for both the aging study in males and the aging study comparing in-vivo with cultured fibroblasts, 5.000 fibroblasts were sorted and cDNA was amplified for 21 cycles and 23 cycles, respectively.
Samples were then purified using PureLink Quick PCR Purification Kit (Thermo Fisher Scientific). cDNA from each sample (8mg) was subsequently fragmented by DNaseI and biotinylated by terminal transferase obtained from GeneChip Mapping 10K v2 Assay Kit (Affymetrix). Hybridization mixtures were prepared according to the Gene Atlas protocol (Affymetrix). Each sample target was hybridized to a Mouse Genome 430 PM array. After hybridization for 16 hr at 45 C, samples were washed and stained in the GeneAtlas Fluidics Station (Affymetrix). Arrays were scanned in a GeneAtlas Imaging Station (Affymetrix). All processing was performed according to manufacturer's recommendations. CEL files were generated from DAT files using Affymetrix Command Console software. Microarray processing was performed at IRB Barcelona Functional Genomics Core Facility.
Single-cell RNA-sequencing
We performed two independent single-cell RNA-sequencing experiments of Pdgfra+ CD34+ fibroblasts isolated from newborn (P1.5-P2.5), young (2-months-old) and old (18-months-old) mice. The two Experiments or Replicates are termed Replicate 1 and Replicate 2. The newborn mouse used for Replicate 2 was 12-18 hr younger than that used for Replicate 1.
Full-length single-cell RNA-seq libraries were prepared using the Smart-seq2 protocol (Picelli et al., 2013) with minor modifications. Briefly, freshly harvested single cells were sorted into 96-well plates containing the lysis buffer (0.2% Triton-100). Reverse transcription was performed using SuperScript II (ThermoFisher Scientific) in the presence of oligo-dT30VN, template-switching oligonucleotides, and betaine. cDNA was amplified using the KAPA Hifi Hotstart ReadyMix (Kappa Biosystems) and ISPCR primer, with 23 cycles of amplification. Following purification with Agencourt Ampure XP beads (Beckmann Coulter), product size distribution and quantity were assessed on a Bioanalyzer using a High Sensitivity DNA Kit (Agilent Technologies). A total of 200 ng of the amplified cDNA was fragmented using Nextera XT (Illumina) and amplified with indexed Nextera PCR primers. Products were purified twice with Agencourt Ampure XP beads and quantified again using a Bioanalyzer High Sensitivity DNA Kit. Pooled sequencing of Nextera libraries was carried out using a HiSeq2000 (Illumina) to an average sequencing depth of 1.2 million reads per cell in experiment 1, and 1.4 million reads per cell in experiment 2. Sequencing was carried out as paired-end (PE75) reads with library indexes corresponding to cell barcodes. After sequencing, libraries were inspected with the FastQC suite (Andrews, 2010) to assess the quality of the reads. Reads were then demultiplexed according to the cell barcodes and mapped on the mouse reference genome (Gencode release M15, assembly GRCm38 (Mudge and Harrow, 2015) ) with the RNA pipeline of the GEMTools 1.7.0 suite (Marco-Sola et al., 2012) using default parameters (6% of mismatches, minimum of 80% matched bases, and minimum quality threshold of > 26). Low-quality cells were filtered out based on the distribution of the number of non-zero count genes per cell (minimum number of genes detected), to remove cells with less than two median absolute deviations (MAD) with respect to the median. Genes expressed in less than five cells, poorly annotated genes (GM identifiers), and histone gene clusters were also discarded from the dataset. The final dataset included 385 cells and 11,327 genes for experiment 1, and 287 cells and 11,303 genes for experiment 2. Data analysis was performed in R, version 3.4.2.
qRT-PCR For qPCR validation of differentially expressed genes between old and young fibroblasts, we used the amplified cDNA of three biological replicates. Gene expression was quantified by quantitative real-time PCR using Sybrgreen Mastermix (Roche, Cat#04707516001) and the specific primer listed in Table S1 sheet 20. A LightCycler 480 instrument (Roche) was used. Three biological replicates were used in each assay. The expression of each gene was normalized to the housekeeping gene B2M.
Immunofluorescence
Mouse telogen hind back skin (a 1cm2 area 0.5-1cm away from the tail) was fixed in 10% NBF (Sigma, Cat#HT501128) for 4 hr at room temperature, or for 24 hr at 4 C, and then processed for embedding in paraffin blocks. Antigen retrieval was performed for 20 min at 97 C with citrate (pH 6) or Tris (pH 9) on 5-micron tissue sections as stated below.
For frozen sections, mouse back skin was fixed for 24 hr at 4 C in 4% Paraformaldehyde (Electron Microscopy Sciences, Cat#15710), incubated in 30% Sucrose in PBS for 24hr at 4 C, quickly rinsed in PBS, dried and frozen on dry ice in O.C.T Compound (Tissue-Tek, Cat#4583). 10-micron tissue sections were prepared using a cryostat, sections were dried for 30 min at RT and washed for 30 min in PBS to remove the O.C.T.
For some immunostainings sections were permeabilized in PBS 0.05% Triton or 0.1% Tween for 10min as stated below. Subsequently, sections were blocked in PBS containing 10% donkey serum (Sigma, Cat#D9663) and 2% BSA (Sigma) for 1 hr at room temperature. For primary antibodies raised in mouse, sections were additionally blocked with mouse-on-mouse blocking reagent (MKB-2213, Vector Laboratories). Primary antibody incubation was done overnight at 4 C in DAKO Envision Flex Antibody diluent (Cat# K8006). The following conditions were used for the different antibodies for paraffin sections (antibody/ permeabilization/ AG retrieval/ dilution): PPARg H-100/ 0.05% Triton/ Tris (pH9)/ 1:150-Fabp4/ 0.1% Tween/ citrate (pH6)/ 1:200-RFP-dTomato/0.1% Tween/ citrate (pH6)/ 1:400 (adult) or 1:100 (newborn)-Keratin 14/ 0.1% Tween or none/ citrate (pH6)/ 1:1000-Vimentin/ 0.1% Tween or none/ citrate (pH6); 1:400-Bcat1/ none/ citrate (pH6)/ 1:100-Ppard / 0.1% Tween / citrate (pH6)/ 1:200. The following conditions were used for the different antibodies for OCT sections (antibody/ permeabilization/ dilution): Pdgfra/ none/ 1:50-CD34-Biotin/ 0.1% Tween or none/ 1:50-a-smooth muscle actin/ 0.1% Tween/ 1:200.
Secondary antibody incubation was done at room temperature for 2 hr. Secondary antibodies used were anti-donkey rabbit Alexa Fluor 488, donkey anti-mouse Alexa Fluor 568, goat anti-chicken Alexa Fluor 647 (concentration 1:500) and donkey anti-guineapig Cy3 (concentration 1:200). Nuclei were stained with DAPI (0.5mg/ml in PBS), and sections were mounted in DAKO fluorescent mounting medium (Cat#S3023). Washes were done with PBS.
Microscopy and image analysis
Fluorescence pictures of four biological replicates were acquired using a Leica TCS SP5 confocal microscope (63 3 /1.40 oil objective or 40 x /1.25 oil objective at 1024 3 1024 pixel resolution) and processed using the Fiji v2.0.0-rc-14/1.49 g software (ImageJ).
QUANTIFICATION AND STATISTICAL ANALYSIS
Quantification of skin morphology features
Skin samples were taken from telogen hind backskin (a 1cm2 area 0.5-1cm away from the tail), sectioned at 6mm and stained with Hematoxylin/Eosin (Dako, Cat#S202084). Brightfield images were acquired with a NanoZoomer-2.0 HT C9600 scanner (Hamamatsu, Photonics, France) equipped with a 20X objective. Images were visualized with a gamma correction set at 1.8 in the image control panel of the NDP.view 2 U123888-01 software (Hamamatsu, Photonics, France). Dermal, subdermal, and subcutaneous thicknesses were measured using the ''Ruler'' tool from the NDP.view2 software. At least 10 measurements were taken from each replicate, and the means of the different measurements were calculated. Regions of low structural integrity were excluded from the analysis. Four biological replicates and two technical replicates (e.g., two pieces of the same skin that were embedded separately) were used for the analysis. Statistical analysis was performed using Prism 6 software (Pad Software). Experimental groups were compared by unpaired t test. Error bars represent ± standard deviation.
qRT-PCR analysis
Statistical analyses were performed using Prism 6 software (Pad Software). Experimental groups were compared by unpaired t test using the ddct values (log-transformed fold changes). Error bars represent ± standard deviation.
Microarrays
Quality control and normalization
Microarray samples from each experiment were processed separately using packages affy and affyPLM from R (R Foundation for Statistical Computing, Vienna, no date; Gautier et al., 2004; Gentleman et al., 2004) . Raw CEL files were normalized using RMA background correction and summarization (Irizarry et al., 2018) . Technical metrics described by Eklund AC and Szallasi Z ((Eklund and Szallasi, 2008) were computed and recorded as additional features for each sample. Standard quality controls were performed in order to identify abnormal samples and relevant sources of technical variability (Gentleman, R., Carey, V., Huber, W., Irizarry, R., Dudoit, 2005) regarding: a) spatial artifacts in the hybridization process (scan images and pseudo-images from probe level models); b) intensity dependences of differences between chips (MvA plots); c) RNA quality (RNA digest plot); d) global intensity levels (boxplot of perfect-match log-intensity distributions before and after normalization and RLE plots); e) anomalous intensity profile compared to the rest of samples (NUSE plots, Principal Component Analyses). No samples were excluded according to the results of these quality control checks. Chip probesets were annotated using the information provided by Affymetrix (https://www.affymetrix.com/analysis/ index.affx).
Differential expression and visualization
Group comparisons in microarray experiments were performed using a linear model with empirical shrinkage (Smyth, 2004) as implemented in the limma R package (Ritchie et al., 2015) . Relevant sources of technical variability identified in the quality control process were included in these models as covariates (aging, HFD, in vivo vs. culture, male datasets: scanning batch; CR dataset: scanning batch and Eklund metrics; newborn cell population dataset: biological replicates). Adjustment by multiple contrasts was performed by the Benjamini-Hochberg method (Benjamini and Hochberg, 1995) . For age group comparisons, samples from the aging dataset, and normal diet samples from the CR dataset, were reprocessed and analyzed using scanning batch as confounding factor. This ''combined aging dataset'' was used for all analyses involving the transcriptional changes in old compared to young fibroblasts, unless otherwise stated. For each experiment, samples were displayed in the first principal components after a priori correction by the relevant technical variables. For such corrections, a linear model was fitted gene-wise in which the groups of interest were also included as explanatory variables. Regarding the HFD dataset one ctrl diet sample, which did not cluster with the other samples from its biological group, was excluded when performing downstream analyses. Biological significance analysis Pathway enrichment was assessed through the pre-ranked version of Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005) and through Gene Ontology Analysis using David 6.8 Software (GO) (Huang, Sherman and Lempicki, 2009) . GSEA was applied to the rankings defined by the t-statistic of the differential expression analysis described in the previous section. Gene sets for analyses were derived from the KEGG pathway database (Ogata et al., 1999) , from those annotated under Gene Ontology (GO) (Ashburner et al., 2000) terms as collected in the org.Mm.eg.db R package (Carlson, 2016) or from the Hallmark collection (Liberzon et al., 2015) after retrieval from the MsigDB (Liberzon et al., 2011) and translation to mouse homologous using biomaRt (Durinck et al., 2009) . GSEA was performed on each of these gene set collections separately. Expression data were summarized to gene level using probesets with the highest median absolute deviation within each gene.
For Gene Ontology analyses Affymetrix IDs were used as input that showed a FC > 1.5 and an FDR < 0.05 in the combined aging dataset and male aging dataset ( Figure 1G , Table S1 and Figure S5E , Table S2 , respectively) and a FC > 2 and an FDR < 0.01 for the fibroblast subpopulation comparisons ( Figures 3C-3E , Table S4 ). To identify categories that are changed with age, both up-and downregulated genes at a given threshold were used as an input. To perform GO of genes differentially expressed between fibroblast clusters identified by single-cell RNA-sequencing, marker genes were used as an input identified with the MAST method (see below) that are significant at a p value < 0.005 in either replicate 1 or replicate 2 ( Figure 5E , Table S5 sheet 18, 19) . Signal transduction pathway association analysis was performed with Genomatix (http://www.genomatix.de (2016)), using the Gene Ranker package.
For visualization purposes, the most relevant gene sets were represented at the gene level using an unsupervised approach: for each gene set, a hierarchical clustering was performed on the most variable features within each gene according to the median absolute deviation across all samples. Before that, technical-corrected gene expression values were previously centered and scaled across samples. Ward's criterion was used as agglomeration method while Euclidean and correlation distance was selected as distance measure for samples and genes, respectively. Clustering results were shown in a heatmap in which the intensity of the colors represented the expression intensity from blue (low expression) to red color (high expression). Global transcriptomic comparison Transcriptomic differences found in each of the microarray experiments were summarized at the gene set level using the differential expression results as follows: In the CR dataset probesets were selected that showed a FC > 1.25 and an FDR < 0.01 for the Old CR versus Old ND comparison (131 probesets, 99 genes) and a FC > 1.25 and a p value < 0.001 for the Old CR-ND versus ND comparison (131 probesets, 98 genes). In the HFD dataset probesets were selected that showed a FC > 1.5 and an FDR < 0.05 (227 probesets, 188 genes). In the newborn fibroblast subpopulation dataset, a GaGa analysis (Rossell, 2009 ) was performed at the probeset level in order to identify genes that were over-or under-expressed in each cell population as compared to the rest of populations. Subsequently, for the CD26+ papillary fibroblasts probesets were selected that showed a FC > 3 (585 probesets, 324 genes), for the Dlk1+ reticular fibroblasts that showed a FC > 2 (131 probesets, 86 genes), for the Sca1+ pro-adipogenic fibroblasts that showed a FC > 2 (129 probesets, 83 genes) and for the Sca1+/Dlk1+ pro-adipogenic fibroblasts that showed a FC > 1.5 (207 probesets, 134 genes) compared to each other fibroblast population. Thresholds were chosen dependent on the adjusted p value, the fold change and the number of genes within each signature, such that each signature contained at least 100 genes. Importantly, using different thresholds to define a signature did not affect the downstream result. Gene sets were summarized as gene expression signatures and compared across sample groups in the rest of the experiments. For summarization at signature level, a Z score was computed for each gene and sample; these were then averaged across all genes included in the gene set, and the resulting score was then centered and scaled across samples. Genes over-and under-expressed were combined in the same signature after changing the sign of the latter prior to averaging them across samples. These scores were computed in each dataset separately after a priori correction by technical effects as described in previous sections. Signature comparisons between groups were carried out using linear regression in which these technical variables were included as covariates.
Single-cell RNA-sequencing analysis Normalization and marker identification Gene expression levels for each cell were normalized by the total expression, multiplied by a scale factor (10,000), and log-transformed. Batches were then regressed out, and scaled Z scored residuals of the model were used as normalized expression values.
We defined the 10% most variable genes based on their average expression and dispersion as highly variable genes (HVG). We reduced the dimensionality of the data by performing principle component analysis (PCA) on HVG. To find fibroblast subpopulations, clustering was performed on PCA scores using significant PCs assigned by a randomization approach proposed by Chung and Storey (''jack straw'') (Chung and Storey, 2015; Macosko et al., 2015) and the amount of variance explained by them ( Figures S7D-S7M) . In detail, we visualized the standard deviation of each PC on an elbowplot and drew a cut-off where the curve became asymptotic to the x axis ( Figure S7D, E, H, I) . Also, in order to determine the significance of each PC a resampling test was performed by randomly permuting a subset of that data (1%) and repeating PCA ( Figure S7F , G, J, K). We repeated this procedure for 100 times for the first 10 PCs and selected the significant ones. For both replicates (1 and 2), the first 7 PCs were selected for clustering. To cluster cells, a K-nearest neighbor (KNN) graph constructed on a Euclidean distance matrix in PCA space was calculated and then converted to a shared nearest neighbor (SNN) graph, in order to find highly interconnected communities of cells (Xu and Su, 2015) . Cells were then clustered using the Louvain method to maximize modularity (Waltman and Van Eck, 2013) . To display data, the t-distributed stochastic neighbor embedding (t-SNE) was applied to cell loadings of selected PCs, and the cluster assignments from the graph-based clustering were used. All analyses described in this section were performed using Seurat R package version 2.1.0.
To find marker genes specific for each cluster, a GLM-based method for single-cell differential expression analysis (MAST) was used; it accounts for the bimodality of single-cell data by jointly modeling rates of expression and positive average expression values before combining both models to infer changes in expression levels (Finak et al., 2015) . MAST was run within an implementation of the Seurat package with default parameters. The full list of cluster markers is provided in Table S5 . Trajectory analysis Trajectory analysis was performed using Monocle version 2.6.1. (Trapnell et al., 2014; Qiu et al., 2017) . After creating a Monocle object using ''negbinomial.size()'' distribution, the analysis was performed on HVG selected from previous steps. Dimensionality of data was reduced using the ''DDTree'' method, and the seven PCs that entered the clustering step were also used to create the trajectories. Finally, the cluster annotations were projected on the inferred trajectories, to better visualize the aging-related processes.
Comparison of cell clusters to NB fibroblast subpopulations
We compared the signature of NB fibroblast subpopulations identified by GaGa to the fibroblast clusters by averaging the expression of each gene set in each cell and plotting the distribution of these average expression points of all cells of a cluster in a boxplot (Figures 5D and 6G) .
Distance of cell clusters on PC1
To assess the distance of cell clusters on PC1, we calculated the average distance for each pair of cells from opposite clusters (average linkage) for old and for young excluding old cells assigned to a ''young'' cluster and young cells assigned to an ''old'' cluster ( Figure 6B ). Average gene-based distance between cell clusters For each HVG, we calculated the average distance between cell pairs of two clusters in young and old ( Figure 6C) . So cx; x ∈ HVG, if we denote Y1 and Y2 as cluster 1 and 2 of young cells respectively, M as number of cells in Y1 and N as number of cells in Y2, then the vector of pairwise cell distances of gene x between Y1 and Y2 cells will be:
For i inf1; .; Mg and j inf1; .; Ng; d x = ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ðx Y1i À x Y2j Þ 2 q Then, we calculated the arithmetic mean of the d x as mean distance per gene denoted as m x . We repeated the same procedure for Old clusters.
Coefficient of variation
For each HVG, we calculated the coefficient of variation of the distances of that gene between cells of two clusters in young and old. The coefficient of variation (CV) is calculated as standard deviation divided by the mean distance ( Figure 6D ).
Standard deviation of the distances per gene
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